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Abstract

Company activities are in uncertain circumtances so need for tool or method to predict or forecast the
future is deeply needed. This research, forecasting method, uses Autoregressive Infegrated Moving
Average (ARIMA). ARIMA have ability to solve the forecasting problem by applying Autocorrelation And
Partial Autocorrelation Coefficients. Temporary model are (2,2 1)( 1.1, 14 (1.1.2)(1.1.1)45 and
(2,1,2)(1,1,1)15. Checking for Ljung-Box Q Statistics by Chi-Sguare (X ), oneef the result are p-value at
lag 12 is 0.01, 0.039, and 0.024 for each model, because the closest vailie o 0.05 so the chosen

model is ARIMA(T,1,2)(1,1,1)s

Keywords: Autoregressive Infegrated Moving Average, Autocorrelaiion And Par% Autocaorrelation

Coefficients, Model Analysis.

1. INTRODUCTION

PT World Yamatex  Spinning Mills is
manufacture which is making 100%
combed cotton vyarn. Addresess _in
Padasuka 47A, Bandung. Becaused lhie
manufacture have to produce yarndoutine
{make to stock) and special orderfinake to
order). Here why, the manufaciure need
forecasting demand.

The manufacture have many problem in

production and planning inventory contrgh@

division, one of them are deteiming exx

number cotton n to. produced
forecast fer rm
. This efforts for

month so th
of demand in near

type such
anticipate u
future.
eglated  Moving

2.1 Autoregressivedhiegrated Moving

Average (ARIVIA)

ARIMA methodology is different
from most methods because it does not
assume any particular pattern in the
historical data of the series to be forecast.
It uses an iterative approach of identifying
a possible model form a general class of
models. The chosen model is the checked
against the historical data to see whether it
accurately describes the series. This
itterative procedure continues until a
satisfactory model is found.

In time series analysis, there is
fundamental distinction between the terms
"process” and “realization”. The actual

values' In arn ohseive e series are the
realization of sam ?Gerlying process that
generatedithos @es.

The p e of time series analysis

is 10, use realization of process to
|dent|fy el of the ARIMA process that
gene the series. ARIMA model
bui empirically  driven

dology of systematically identifying,
‘tlmating, diagnosing, and forecasting

ime series. The purpose of ARIMA
analysis is to find a model that accuratelly
represents the past and future patterns of a
time series.

Y, = Pattern + e,

2.2.1 Four Steps Of ARIMA Model Building

1. Model identification
Using graphs, statistics, ACFs, PACFs,
transformtions, etc., achieve stationarity
and tentaviely identify patterns and
model components.

2. Parameter Estimation
Determine model coefficients through
sofware applications of least squares
and maximum likelihood methods.

3. Model Diagnostics
Using graphs, statistics, ACFs, PACFs
of residual, determine if the model is
valid. If valid, use the model, otherwise

repeat identification, estimation,
diagnostic steps..
4. Forecast Verification And

Reasonableness
Using graphs, simple statistics, and
confidence intervals determine the
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validity of forecasts and track model

performance to detect out of control

situations.
In ARIMA terms, a time series is a linear
function of past actual values and random
shocks (error terms)

Y =flVrweral+ e , k>0

Our purpose is to extract all possible
information from a time series so that e/s
are distributed as white noise.
The objective of ARIMA analysis is to
design the right pattern empirically, we do
not choose a forecasting model a priori
before analysis begins. Confirmation that
the correct pattern has been identified
requires meeting several diagnostic
characteristics, including moedl residual
(ey's) distributed as white noises.
By definition, white noise is normally and
independently distributed (NID), having no
pattern, a zero mean,and a error variance
that is lower the variance of Y,.
2.2.2 ARIMA Notation(p, d, q)
ARIMA model building methods use, a
simple, versatile model notation, they are
designated by the level of autoregréssion,
integration, and moving averagdes. “his
standard notation identifies the ordars “of
autoregression by p, integration . or
differencing by d, and mawing averages by

1. Autoregressive Process \

1Y+ e
icients chosen to

f, squared. For an
I, / the absolute
value o iglent £ by is  normally

o <1
2. Moving Average Process -
ARIMA(0,0,1)
Yo—pu= — b, g+ e

Yi=p— be._1+ e
This model are similiar to exponential
smoothing. & is an estimated
coefficient and Y is only correlated
with the previous forecast error, e.—1.
6] <1
3. Integrated Process — ARIMA(0,1,0)

The patterns in time series are the
result of fundamental processes. A

deterministic trend is a systematic
period-to-period increase od decrease
that persists for many time periods.
Becasue trends represent important
long-run general movemants in a time
series, they are important to model.
Integrated  processes are level-
honstationary series. Trends and
random walks are level-nonstationary
because their means are not constant.
The means either randomly change as
the series randomly walks or
consistently increases (decrease). A
random walk behavior (drift) is called a
stochastic trend, while a consistent
period-period  change is called a
determinisiic trend
If a serie§ ista random walk, then the
previdlsaciualis a e%bpredictor of all
futdre valties = &

Y.

¥ = Y:‘—l + =

4. Deferriiniay Trend
ARIMANON,0) 1
IS example of an integrated

gwponent of an ARIMA model, the

Process -

nd "1 of the notation

é. RIMA(0,1,0)1 is used when d > 0.

Yo=YVt 6

(OQEO Y., =Y. 1+ 6+ e

By is an parameter equal to the mean
of the period-period changes (trend).
Yiom =Y.+ miy
tis the period of the last actualand mis
the forecast horizon.
Several of the tools used to identify ARIMA
models should be familiar to you:
1. Autocorrelations Functions
ACF(k)s.
2. Partial Autocorrelations Functions
PACF(k)s.
3. Series graph and plots.
4. Descriptive statistics.

3. Research Method

3.1 Model Identification

PT WYSM have two tipe master yarn
production are CM and PM. Second is
calculate fofal demand with sum CM and
PM. (at the table1.1)

The term of ARIMA method is n, must or
more than 72 period. Because PT WYSM
only can supply for 28 period, then we
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must shape the rest with help ARENA10.0
software for 72 period left (table 4.3).

For Determine the plots of ACFs and
PACFs using MINITAB15.0 software,
Figure 1.4 and 1.5 show stationarity
condition values between 0,2 until -0,2 and
have trend so need to be differencing,
then temporary model is ARIMA(1,1,1).

We see in results MINITAB15.0, values of
ACF at lag 15 is 0.15518, lag 33 is
0.156055, and lag 50 is 0.14103 have
similiar values, so we conclude that the
series have seasonal pattern each and
every 15 period. So the model now si
ARIMA(1,1,1) (1,1,1)4s.

3.2 Parameter Estimation

The next step is building parameter with
help MINITAB15.0 software, trial and error
the model until the paramater found. (table
1.4)

3.3 Diagnosa

If the p-value associated with the Q statistic
is small (say, p-value > 0.05), the model is
considered adequate.

3.4 Peramalan

The results of forecasting can be s€en in
figure1.7 .

4. Conclusion

The demand series_..showing ™ the
stationarity still inside “m&ximum / and
minimum boundary, but not Shewing t
values of AFCs and PACFs is c!ro

minimum Period 101 in
ARIMA(1 1 del is 1125727.
The chose recasting demand
problem WYSM is
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Figupe 1.1 ACE dan P th notation AR(1)

AiBeomreletio E Partial Autcoore ation
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Figure 1.2 ACF dan PACF dengan Notasi MA(1)
dan MA(2)
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Figure 1.3 ACE dan BACF dengan

A\

Autocorrelation

Partial Autocorrelation
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o
Jabel 1.1 Tgwal Pemand

%li ARIMA(1,1)

O

Reriode ‘\Q)‘l;ermintaan
T ahun Bulan \ CM PM D:r‘l]:;lld
JanuaxxﬁA 611060 709101 1320161
Febn@ i 334140 681149 1015289
Maret 605414 617025 1222439
April 935908 471603 1407513
Mei 1028710 352480 1381190
X Tuni 857720 566431 1424151
Juli 966625 782026 1748651
Agustus 662500 385080 1047580
September 818440 609940 1428380
Oktober 435230 431000 866230
November 860000 418320 1278320
Desember 682856 177750 860606
January 749300 769760 1519060
Februari 630000 761010 1391010
Maret 451060 807630 1258690
Agpril 474280 420510 894790
2008 Mei 380920 618000 998920
Juni 962310 510250 1472560
Juli 362320 642370 1004690
Agustus 413280 571280 984560
September 966057 560375 1526432
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Oktober 661783 635190 1296973
November 539150 490460 1029610
Degember 1300650 269670 1570320
January 524360 280610 804970
At Februari 1114560 158900 1273460
Maret 1147030 285800 1432830
April 816500 150200 966700
Table 1.2 Demand period Januari 2001 Until Februari 2005
No | Permintaan | No | Permintaan | No | Permintaan | No | Permintaan | No | Permintaan
1 944858 | 11 1147380 | 21 1103230 | 31 1615850 | 41 876138
2 1491310 | 12 902031 | 22 949595 | 32 1206850 | 42 1234600
3 889559 [ 13 1407610 | 23 991312 | 33 1012180 | 43 1357930
4 1100880 | 14 1137580 | 24 1238830 | 34 855380 44 1247330
5 8380548 | 15 1172890 | 25 1456740 | 35 125705 0NNES 1273870
6 962794 | 16 1361690 | 26 1674730 | 36 Sl e | 6 1613510
7 1355200 | 17 844026 | 27 1628160 | 37 1614700 4047, | Dwl 145930
8 1585000 | 18 1243200 | 28 1676160 | 38 1454600 | N 1175700
9 1526570 | 19 1530180 [ 29 16303304 39 S IHAG w 1107330
10 1142640 | 20 1077130 | 30 8953457 40 11041 \,"50 908989
Table 1.3 Permintaan period 8daret 2005 Unill A 2009
No | Permintaan | No | Permintaan | No | Paflintaan hNo @ﬂaan No | Permintaan
51 1317590 | 61 1378450 (& 71 1 VGRS 1 28380 [ 91 1004690
52 1441710 | 62 11818800 | 72 1509880 ,Sé\ 866230 | 92 984560
53 1281640 | 63 1338050 Y975 1324161 ?:@ 1278320 | 93 1526432
54 1133010 | 64 1498880 | M4 101 SQ(SQ L84 860006 | 94 1296973
55 1217950 | 65 1144240 W75 12 HSQ, 85 1519060 | 95 1029610
56 1255560 | 64 8901297 6 QQ 13| 86 1391010 | 96 1570320
57 1477270 | 67 10259604 77 \wgSl 190 | 87 1258690 | 97 804970
58 1450530 | 68 1548460 7{: 1424151 | 88 894790 | 98 1273460
59 9 69 8523851 Q% 1748651 | 89 998920 | 99 1432830
60 8803 70 | 12479 ‘> 50 1047580 | 90 1472560 | 100 966700
/
ACF
1.04
0.8
06
e 0.4
'._‘% (5 [ e e s L =
g 00 || - | III|I||I aper |"|-||I I L |.|I|. SN
Ol - e e oo st
2 -0.4 ST a
-06
-0.8
-1.0
1 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
Lag
Figure 1.4 Autocorrelation Function
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Figure 1.5 Form Fartial Autocorrelation Function
Table 1.4 Trial And Error Model ARIMA
Model ARTMA Jumlah Tterasi Keteranigan
(LL1YXL11) 17 Ak Terdefinisi Szﬁ
(2,1,1)(1,1,1) 15 Tak Terdiinisi "
22.1)(1.11) 25 Terdo i ¥ |
(2,2,20(1,1,1) 25 Lol erde O
(1,2.2)(1,1,1) 23 Tak efinisi
(1,1,2)(1,1,1) 25 : @%eﬁnisi
1.2.1(11,1) 18 . T3 Terdefinisi
2,121,148 BV N Terdefinisi
VY
/ k4
Tirmne SQ& Plot of C1
A
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Index

Figure 1.6 Plot Time Series 100 Period
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Time Series Plot for C1
(with forecasts and their 95% confidence limits)
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Figure 1.7 Model ARIMA (1,1,2)(1,1, 1)1
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